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Abstract 11
The gut microbiome plays a key role in animal health and metabolism through the intricate 12 functional interconnection between the feed, gut microbes, and the host. Unfortunately, in 13 aquaculture, the links between gut microbes and fish genetics and production phenotypes are not 14 well understood. 15
In this study, we investigate the associations between gut microbial communities, fish feed 16 conversion, and fish genetics in the domestic Atlantic salmon. Microbial community composition 17 was determined for 230 juvenile fish from 23 full-sib families and was then regressed on growth, 18 carbon and nitrogen metabolism, and feed efficiency. We only found weak associations between 19 host genetics and microbial composition. However, we did identify significant (p < 0.05) 20 associations between the abundance of three microbial operational taxonomical units (OTUs) and 21 fish metabolism phenotypes. Two OTUs were associated with both carbon metabolism in adipose 22 tissue and feed efficiency, while a third OTU was associated with weight gain. 23
In conclusion, this study demonstrates an intriguing association between host lipid metabolism and 24 the gut microbiota composition in Atlantic salmon. Efficient and environmentally sustainable animal production systems are urgently required to 33 ensure long-term food security, especially as global aquaculture consumption is projected to 34 double by 2050 (www.fao.org). One important aspect of improving sustainability is to improve 35 feed conversion and growth. In humans and other vertebrate systems, the gut microbiome plays a 36 central role in the path from "feed-to-animal" [1] [2] [3] [4] , and recent studies have also shown that host-37 genetic factors can modulate microbiome composition. Such functional interconnection between 38 feed, microbes, and host (i.e. the feed-microbiome-host axis), opens up intriguing avenues for 39 optimizing aquaculture production systems, for example by breeding for 'optimized' microbiome 40 composition5. 41
Yet, even though the dietary composition is known to impact the gut microbiome in aquaculture 42 species1, almost nothing is known about the link between the gut microbiota and important 43 production phenotypes, or to what extent microbiota composition itself could be a new breeding 44 target for aquaculture breeding programs5. 45
To address this pressing knowledge gap we use a family-based experimental design to test if 46 variation in the gut microbiome composition in juvenile Atlantic salmon is associated with key 47 phenotypes related to host metabolism as well as variation in host genetics. Our results identified 48 phenotypic associations between host gut microbiome and lipid metabolism, growth, as well as to 49 feed efficiency, which open the possibility for metabolic modulation through the gut microbiota. 
68

Microbiota analyses 69
Distal intestinal samples (n = 230) were obtained by squeezing out the gut segment content using 70 sterile tweezers in 1 ml phosphate buffered saline (PBS) and put on ice until further processing. 71
To distinguish between DNA from dead and alive bacteria, the samples were treated with 72 propidium monoazide (PMA) within eight hours post sampling. Samples were pulse centrifuged 73 up to 1200 rpm and split in two, where one part (n = 230, PMA treated samples) was added PMA 74 dye (Biotium, USA to a final concentration of 50 µM, and the other part was kept as a control (n 75 = 230, non-PMA treated samples) with no added PMA. The samples were then kept dark for 5 min 76 before exposure to light for 30 min in a lightbox from Geniul. DNA extraction (n = 460) was done 77 using mag midi DNA extraction kit (LGC Genomics, UK) following the manufacturer's 78
recommendations. 79
The 16S rRNA amplicon library was prepared and sequenced as previously described 6. The 80 sequence reads were processed using USEARCH v8 7 where the sequences were paired-end 81 joined, demultiplexed, and quality filtered (maxxee = 1.0, minlength = 350, singeltons discarged), 82 before operational taxonomic unit (OTU) clustering with 97% identity threshold was performed 83 using the UPARSE pipeline 8. Taxonomy assigment was done using SILVA database 9. Diversity 84 analysis was done using a sequence depth of 10 000 sequences per sample. 85
To filter out OTUs from dead bacteria and bacteria considered as contaminants, filtering was done 86 using the following criteria on each individual fish gut microbiome; OTUs which showed a more 87 than 3-fold reduction in the PMA treated sample was considered dead, while OTUs that showed a 88 more than 6-fold increase in the non PMA treated sample were considered contaminants because 89 there were no other alternative explanations. Out of the 230 fish gut microbiomes, 188 passed the 90 sequence quality control filtering criteria, including rarefaction at 10 000 sequences and 91 for outliers was calculated as 3 ⁄ (> 0.10), where n is the number of samples (i.e. animals) used 107 to fit the model (n = 188), and p is the number of parameters in the model. A total of 16 outliers 108 were detected and deleted. 109 110
Estimation of heritability 111
To estimate heritabilities of the microbiota at the level of each OTU we first did a single-trait 112 analysis of variance of the Ln (OTUs). In each analysis, the model was: 113
where [ ] is a vector of individual OUT 'phenotypes' (i.e. the trait), [ ] is a vector of fixed effects, 115
including sampling dayi (i = 1-4), [ ]~(0, σ 2 ) is a vector of random additive genetic effects 116 for the trait, [ ]~(0, σ 2 ) is a vector of random tank effects for the trait, and [ ]~(0, σ 2 ), is a 117 vector of random residuals for the trait. The X and Z matrices are corresponding incidence 118 matrices, σ 2 is the genomic (co)variance matrix, σ 2 is the (co)variance matrix due to tank 119 effects, and Iσ 2 denotes the error (co)variance matrix. The number of phenotyped individuals was 120 rather low (n = 172), and the genomic relationship matrix was generated according to VanRaden's 121 first method11. The matrix G (2282x2282) was calculated based on a subset of 51,543 SNPs of 122 high genotype quality, covering all autosomal chromosomes (AquaGen's custom Axiom®SNP 123 genotyping array from Thermo Fisher Scientific (San Diego, CA, USA) includes 56,177 single-124 nucleotide polymorphisms). 125
126
Heritabilities of the OTUs were estimated as: ℎ 2 = 2 2 + 2 + 2 , where 2 , 2 , and 2 are the 127 estimates of the individual additive genetic, tank environmental, and individual residual variance, 128 respectively, of the trait. The fraction of variance explained by the tank was estimated as: 2 = 129 2 2 + 2 + 2 . Significance of the genetic effect was tested using a likelihood-ratio ( ) test-statistic, 130 comparing a single-trait model with genetic effects (H 1 ) to a model without genetic effects (H 0 ): 131
The genetic effect was considered significant if
133 134
Genome-wide association analysis 135
To associate variation in microbial composition with host genetics a genome-wide association 136 study was done using Ln (OTUs) as response variables. The analysis was carried out by a linear 137 mixed-model algorithm implemented in a genome-wide complex trait analysis (GCTA) 12. The 138 leave one chromosome out option (--mlm-loco) was used, meaning that the chromosome harboring 139 the SNP tested for was left out when building the genetic relationship matrix (GRM). The linear 140 mixed model can be written: 141
where Yi is one of the Ln (OTUs) of individual i, a is the intercept, b is the fixed regression of the 143 candidate SNP to be tested for association, x is the SNP genotype indicator variable coded as 0, 1 144 or 2, − is the random polygenic effect for individual i ~N (0, G 2 ) where G is the GRM and 2 145 is the variance component for the polygenic effect, and is the random residual. In this algorithm, 146 2 is re-estimated each time a chromosome is left out from the calculation of the GRM. The dataset 147 was filtered, and individuals with < 10% missing genotypes were kept (n = 2279). Further, it was 148 required that SNPs should have minor allele frequency (MAF) ≥ 1% and a call rate > 90%. After 149 filtering 54,200 SNPs could be included in the analysis. The level of significance for SNP was 150 evaluated with a built-in likelihood-ratio test, and the threshold value for genome-wide 151 significance was calculated by the use of Bonferroni correction (0.05/54200) = 9.23 x 10-7, 152 corresponding to a -log10 p-value (p) of 6.03. 153 154
Association between OTUs and fish phenotypes 155
We examined the association between microbiota and several individual fish phenotypes related 156 to the metabolism of the fish, including growth, nutrient turnover, and feed efficiency parameters 157 (Table 1) . This phenotypic association were tested with a linear mixed-effect model: 158
[3] 159
where, [ ] is a vector of fixed effects for the trait containing the regressions of sampling day (Day) 160 and the Ln (OTUs), while the remaining are described with [1]. In preceding analyses, we 161 experienced a strong co-linearity between the tank and the family effects, which in consequence 162 led us to analyze for the phenotypic association between production variables and the OTUs with 163 a model accounting for the genomic relationships between individuals (also known as a genomic 164 selection model). 165
The genetic analyses in [1] and [3] were carried out using the ASReml4 software package13. 166
167
Results 168
Overall microbiota composition 169
A total of 704 OTUs were defined, with the dead bacterial fraction representing 9.1% of the 170 sequencing reads (contained in 254 OTUs). In addition, a fraction of 0.003% of the sequencing 171 reads (contained in 146 OTUs) were considered as contaminations ( Fig. 2A) . Among the 304 172
OTUs passing the live/dead/contamination filtering we identified a clear over-representation of 173
Proteobacteria, both with respect to OTU prevalence and quantity (Fig. 2B ). OTU1 174
Caulobacteraceae and OTU2 Pseudomonas fluorescens dominated, with mean abundances of 175 32.9% and 34.8%, respectively. There were 6 OTUs with a mean abundance > 1 % in all the 176 samples. We detected an overall negative correlation between OTU1 Caulobacteraceae to the 177 other OTUs (Fig. 2C) . 
Effects of rearing tank and host genetics on the gut microbiome composition 186
To assess the contribution of genetics (i.e. heritability) and environment (i.e. tanks effect) in 187 driving the variation in microbial composition between individual fish we applied analyses of 188 variance, using tank as a covariate. Although we classified 304 OTUs across all gut microbiomes, 189 the top 6 most abundant OTUs represented 85% of the 16S sequences in our dataset. We, therefore, 190 conducted these analyses using only these OTUs. The results (Table 2) showed small genetic 191 components for OTUs 1 and 3 and only a small non-significant tank effect for OTU1 (0.03). 192
However, neither the tank nor genetic effects were significantly different from zero (p > 0.05). 193
However, the standard errors were large, meaning that the experiment did not have the power to 194 estimate these components precisely. This is supported by the estimates of variance components 195 for genetic or tank effects (or both) of the remaining OTUs being zero (i.e. restricted to the 196 boundary of the parameter space) ( Finally, we utilize the existing genotyping data for these fish10 to perform a genome-wide 204 association analyses for the OTU abundances. No genome-significant associations between SNPs 205 and OTUs were identified, however, the Manhattan plots show clear peaks at chromosomes 14, 206 24, 3, and 5 (Suppl. Fig. 1) , with some SNPs having significant associations to OTU1 and OTU2 207 at the chromosome level (Suppl. Fig. 2 , Suppl. Table 1) . 208 209
Community structure is associated with fish growth and metabolism 210
Linear regressions were used to examine the phenotypic relationship between the gut microbiome 211 and host metabolism traits (i.e. growth, nutrient turnover, and feed efficiency, see table 1). Indeed, 212 these analyses (Table 3 ) do indicate a link between the production variables and the gut 213 microbiome (significant associations in Table 3 , for all results see Suppl. Table 2) . 214 by the use of stable-isotope profiling in the liver, muscle, and adipose tissues10. Intriguingly, the 227 phenotypic associations between OTUs and fish production-related phenotypes revealed several 228 significant relationships (Table 3) . We observed significant positive associations between lipid 229 carbon metabolism (the AAC phenotype) and OTU5 (p < 0.05) and OTU7 (p < 0.005). These 230
OTUs belong to the genera Bradyrhizobium, and Pseudoalteromonas, respectively. 231
Pseudoalteromonas is known to have the capacity to produce a range of biologically active 232 extracellular compounds, ranging from antimicrobial compounds and proteases to compounds 233 important for host metamorphosis14. This genus has also been used as probiotics in fish farming15. 234
Bradyrhizobium, on the other hand, is a widespread environmental bacterium capable of degrading 235 aromatic compounds and nitrogen fixation16. However, the potential mechanisms for the bacterial 236 associations with lipid metabolism in salmon are completely unknown. The Sphingomonas OTU3 237 showed a significant negative association with weight gain. This genus has previously been 238 associated with antibiotic resistance connected to disease treatment of juvenile salmon in fresh-239 water17, which may indicate that reduced weight gain could be connected to the opportunistic 240 properties of Sphingomonas18. Lastly, OTU1 belonging to Caulobacteriacea showed a strong 241 negative correlation with the other OTU (Fig. 2C) , and a significant positive association with two 242 of the feed utilization efficiency metrics (Table 3) , which also had a positive association to OTU7. 243
One interpretation of this is that Caulobacteriacea has a mutualistic association with juvenile 244 salmon, possibly by protecting juvenile salmon against opportunistic infections. 245
246
The association between OTUs and the lipid carbon metabolism (AAC) in Atlantic salmon means 247 that fish with higher abundances of these microbes also convert the feed protein fraction to lipids 248 at a higher rate. However, the mechanisms driving this association remains elusive. One possibility 249 is that the Atlantic salmon gut microbiota has a direct impact on the production of biomolecules 250 in the distal intestine which are readily absorbed and deposited as fat in adipose tissues. It is worth 251 noting that Dvergedal et al. 10 have reported that fish with a higher turnover of carbon in lipid 252 tissues also has improved feed efficiency (see IFER variable in Tables 1 and 3 
) and fast growth. 253
In other words, the fish with high carbon turnover in lipid tissues will likely have a positive energy 254 balance and therefore also the opportunity to convert more surplus energy into lipids for storage. 255
We did however not observe associations between gut microbes and nutrient turnover in muscle 256 or liver. This lack of association with nitrogen turnover could be because the majority of the protein 257 fraction is digested and absorbed before the distal intestine where our microbial samples were 258 collected from. It is also possible that the associations between microbial composition and fish 259 metabolism are driven by indirect factors. Since growth is positively correlated with feed intake10, 260 these fish might also have increased passage rate in the gastrointestinal tract due to high feed 261
intake. This could indirectly affect the competition and balance among microbes and thereby shift 262 the community structure. It is thus critical that future studies include functional meta-omics data 263 that can also demonstrate shifts in activities in microbial metabolic pathways. 264
265
Host genetic effects on gut microbiomes have been identified in recent studies in a wide range of 266 animals, including invertebrates19, mammals20,21, and fish22. Here we only found weak (and non-267 significant) associations between host genetics and relative OTU abundance ( Table 2 , 268 Supplementary Fig. 1 and 2) . Neither did we find rearing tank effects, in correspondence with a 269 study in tilapia23. However, it is clear from the standard errors (Table 2) In conclusion, our results demonstrate an association between the microbial composition in the 276 distal gut and a key aspect of Atlantic salmon metabolism. This association could be a direct effect 277 of microbes contributing to improved nutrient availability and absorption for the host. 278
Alternatively, these associations could be uncoupled from the microbiota function and instead 279 Suppl. Fig. 1 . Genome-wide Manhattan plot for the different OTUs. The horizontal line 317
represents the genome-wide Bonferroni -log10 (p) = 6.03 threshold. 
